Motivated by their participation in the McMaster Data-Mining and Docking Competition, the authors developed 2 new computational technologies and applied them to docking against Escherichia coli dihydrofolate reductase: a receptor preparation procedure that incorporates rotamer optimization of side chains and a physics-based rescoring procedure for estimating relative binding affinities of the protein-ligand complexes. Both methods use the same energy function, consisting of the all-atom OPLS-AA force field and a generalized Born solvent model, which treats the protein receptor and small-molecule ligands in a consistent manner. Thus, the energy function is similar to that used in more sophisticated approaches, such as free-energy perturbation and the molecular mechanics Poisson-Boltzmann/surface area, but sampling during the rescoring procedure is limited to simple energy minimization of the ligand. The use of a highly efficient minimization algorithm permitted the authors to apply this rescoring procedure to hundreds of thousands of protein-ligand complexes during the competition, using a modest Linux cluster. To test these methods, they used the 12 competitive inhibitors identified in the training set, plus methotrexate, as positive controls in enrichment studies with both the training and test sets, each containing 50,000 compounds. The key conclusion is that combining the receptor preparation and rescoring methods makes it possible to identify most of the positive controls within the top few tenths of a percent of the rank-ordered training and test set libraries. (Journal of Biomolecular Screening 2005:675-681) Bernacki et al. 676 www.sbsonline.org Journal of Biomolecular Screening 10(7); 2005 FIG. 1. The alignment of the Escherichia coli dihydrofolate reductase (ecDHFR) structures and predicted docking mode of the TQ4 inhibitor to the Candida albicans DHFR (caDHFR) cocrystallized with TQ4. The original holo crystal structure of caDHFR (1IA2) is represented in green. The original holo crystal structure of ecDHFR (1RX3) with Glide-docked TQ4 is shown in blue. The refined 1RX3 structure with Glide-docked TQ4 is depicted in red. (A) Superposition of original 1IA2 and 1RX3 structures. (B) Superposition of the original 1IA2 and the refined 1RX3 structures.
INTRODUCTION
D OCKING METHODS HAVE BECOME widely used technologies in structure-based drug design to identify and optimize lead compounds. [1] [2] [3] Two major challenges confronting docking methods are accurate estimation of binding affinities for ligand-protein complexes (scoring) and treatment of receptor flexibility. With respect to scoring, docking programs use a range of scoring functions to estimate binding affinity, including force field-based functions, knowledge-based functions, and empirical scoring functions. [4] [5] [6] All of the scoring functions commonly used in high-throughput docking, for computational efficiency, treat important contributions to the binding of free energy, such as electrostatics and solvation, in a highly approximate manner. In addition, most widely used dock-ing programs treat the receptor as completely rigid, despite many recent accounts of the importance of receptor flexibility. 7 Alternative methods based on molecular mechanics, such as free-energy perturbation (FEP), thermodynamic integration, mining minima, and molecular mechanics Poisson-Boltzmann/ surface area (MM-PBSA), in principle can provide more physically reasonable treatment of binding interactions, including explicit treatment of receptor flexibility. [8] [9] [10] [11] [12] These methods have been successfully used to estimate the relative or, in a few cases, absolute binding free energies of a series of docked ligands. However, these methods remain computationally expensive, being generally applied only to tens or hundreds of compounds, making them appropriate for lead optimization but not lead discovery using large (generally hundreds of thousands or more compounds) virtual libraries.
Motivated in part by our participation in the McMaster Data-Mining and Docking Competition, we have developed simpler, more approximate molecular mechanics methods for improving scoring and treatment of receptor flexibility, which are applicable to high-throughput virtual screening. We describe here our early attempts to deploy these methods for Escherichia coli dihydrofolate reductase (ecDHFR), the target considered in the competition.
With respect to scoring, our laboratory has developed a methodology that "rescores" docking results 13 using an all-atom force field (OPLS-AA) 14, 15 and a Generalized Born implicit solvent model. 16 Thus, the energy function is similar to that used in more sophisticated approaches such as FEP and MM-PBSA, but sampling during the rescoring procedure is limited to simple energy minimization of the ligand. The use of a highly efficient minimization algorithm called multiscale truncated Newton (MSTN), described in Methods, permitted us to apply this rescoring procedure to hundreds of thousands of protein-ligand complexes during the competition, using a modest Linux cluster.
In this work, we performed all docking with a rigid receptor. However, prior to docking, we incorporated knowledge of "induced-fit" effects associated with a class of DHFR inhibitors (as known from structures of other DHFR-inhibitor complexes) into an unconventional, aggressive receptor preparation procedure, involving energy-based side chain rotamer sampling and minimization.
To test these methods, we used the 12 competitive inhibitors identified in the training set, 17 plus methotrexate, as positive controls in enrichment studies with both the training and test sets, each containing 50,000 compounds. The key conclusion is that combining the receptor preparation and rescoring methods makes it possible to identify most of the positive controls within the top few tenths of a percent of the rank-ordered training and test set libraries. Our method is only intended to identify competitive inhibitors, and the lack of competitive inhibitors in the test set library means that our participation in the contest provided an incomplete test of our methods. We consider whether it would have been possible to anticipate that the test set would be less appropriate for screening against ecDHFR than the training set, using our docking results.
METHODS
The computational approach involves several steps: (1) preparation of protein target structure, (2) preparation of compound databases with LigPrep, 18 (3) docking of the ligand library using the docking program Glide, 19, 20 and (4) rescoring of the docking results using the physics-based methods.
Preparation of protein target structure
We selected the ecDHFR structure (PDB ID: 1RX3) cocrystallized with methotrexate (MTX) and the nicotinamide adenine dinucleotide phosphate (NADPH) cofactor as the target for docking. 21 Initial docking tests showed that docking to 1RX3 and the apo ecDHFR structure (PDB ID: 1RX2) did not produce correct poses for 4 (MAC-0030862, MAC-0030863, MAC-0030856, and MAC-0030657) 17 of the 12 competitive inhibitors identified by high-throughput screening (HTS) of the "training set." The structure of Candida albicans DHFR (PDB: 1IA2), 22 complexed with NADPH and a similar inhibitor (5-[(4-methylphenyl)sulfanyl]-2,4-quinazolinediamine, TQ4), revealed that this class of ligands required a conformational change in the DHFR binding pocket. We used the combinatorial extension (CE) algorithm 23 to structurally align the 1RX3 and 1IA2 structures. Despite low sequence identity (31.4% overall), the 2 DHFRs from different species have a high degree of structural homology (overall root mean squared distance [RMSD]: 2.3 Å). The alignment showed ( Fig. 1A ) that the binding pocket of the ecDHFR structure cocrystallized with MTX was simply not big enough to accommodate that particular class of inhibitors. A mostly hydrophobic pocket near NADPH, which accommodates the phenyl group of TQ4 and related ligands, was too small in the ecDHFR structure. In particular, residues Met20 and Ser49 in the ecDHFR structure dis-played distinctly different conformations from corresponding residues Met25 and Ser61 in the C. albicans DHFR (caDHFR) structure.
These observations motivated us to devise a somewhat unconventional method for preparing the receptor for docking. After aligning the 2 DHFR structures, we transferred only the coordinates of the cofactor NADPH, the inhibitor TQ4, and a structurally conserved water (209 in 1RX3 and 302 in 1IA2, discussed in the next paragraph) directly from caDHFR (1IA2) into the unperturbed ecDHFR (1RX3) structure. We ensured that the protonation states of NADPH (-4) and the inhibitor (+1) were correct and doubly protonated 3 His residues in the proximity of the ligand and cofactor (His45, His114, and His141) because they contacted carboxylate groups from Asp/Glu side chains. Finally, we added and optimized the hydrogen atoms, performed a rotamer optimization of the Met20 and Ser49 side chains, 24 and energy minimized the receptor, including the conserved water, with the TQ4 inhibitor present in the binding pocket. This procedure successfully "expanded" the dihydrofolate (DHF) binding pocket, and the conformations of the Met20 and Ser49 residues after optimization closely matched those in the 1IA2 structure, as shown in Figure 1B . All of the receptor preparation steps were performed with the Protein Local Optimization Program (PLOP, distributed commercially as Prime by Schrödinger, Inc.), [24] [25] [26] the software platform developed in the Jacobson group, which uses all-atom energy functions, including electrostatics and implicit solvation, for modeling proteins and protein-ligand complexes.
We included 1 structurally conserved water during receptor preparation, docking, and rescoring. Two putative structural waters can be identified in the active site of ecDHFR (numbers 302 and 362 in the 1RX3 structure) that are involved in either ligand binding or protonation by forming hydrogen bonds bridging the protein and the inhibitor. 27, 28 Water302 is strictly conserved between crystal structures of DHFR complexes from different species and performs a structural and functional role. It is buried in the active site, where it forms hydrogen bonds with the hydroxyl group of Thr113 and the 2-amino group of the pteridine ring of MTX. The second water molecule is possibly involved in the catalysis during the proton transfer. It forms hydrogen bonds with 2 active site residues, Trp22 and Asp27, but is located 4.5 Å from MTX and does not form any interactions with the inhibitor. In a DHFRfolate-bound structure, the second water is in direct contact with the folate substrate and thus may be more relevant to binding compounds that contain the 2-amino-4-oxopteridine ring of folate. 29 In initial tests on the training set, enrichment of the known inhibitors was significantly improved upon inclusion of water302, but inclusion of water362 showed no significant effect. In all other results, we have retained only water302.
Preparation of compound databases and docking
The McMaster HTS Lab provided a training set and a testing set, both consisting of 50,000 compounds. We used the 12 compet-itive inhibitors identified in the training set prior to the competition, 17 as well as MTX, as positive controls in the enrichment studies using both databases. The ligand libraries were converted to a 3-dimensional format and minimized using the MMFF94S force field 30, 31 with the program LigPrep (Schrödinger, Inc.); 18 for each ligand, multiple ionization states, tautomers, and stereoisomers were generated. All ligand starting structures were unbiased (not in DHFR-bound modes), low-energy configurations. We ensured, based on manual inspection, that compounds containing pyrimidine and pteridine rings were protonated at the N1 position. 32 The ligand conformational sampling and docking calculations were performed with the Glide software package (Schrödinger, Inc.), 19, 20 using standard parameters. Glide uses an expanded version of the ChemScore 33 empirical scoring function.
Rescoring
After docking, both databases were subjected to our molecular mechanics rescoring method. In this work, we considered only the best scoring pose for each ligand. Visual inspection of the docking results for the positive controls confirmed that the best scoring binding pose from Glide was correct for these ligands (i.e., as based on known crystallographic binding modes of related compounds). The overall high quality of the predicted poses is very important for the success of the rescoring method. The ligand minimization performed during the rescoring permits optimization of the hydrogen bonding interactions and other relatively small (but energetically important) conformational changes but does not result in qualitative changes in the pose.
The rescoring method is described in detail elsewhere. 13, 34 For each molecule in the database, the best-ranking pose from the docking calculations was rescored using the all-atom OPLS-AA force field 14, 15, 35 combined with a generalized Born implicit solvent model. 16 The relative binding energies used for ranking the database are calculated according to E RBE = E Lig-Prot -E Prot -E Lig , where E Lig-Prot , E Prot , and E Lig are the energies of the protein-ligand complex, the free protein, and the free ligand, respectively. Note that the energy of the receptor is the same for every ligand; because we attempt to estimate only relative and not absolute binding affinities, this term can be ignored. All energies are evaluated after energy minimization in implicit solvent (Generalized Born) until the root mean squared gradient decreased to less than 0.001 kcal/mol/ Å. In this work, the protein receptor was held rigid during energy minimization of the complex. We have performed rescoring using receptor minimization and side chain optimization for systems other than DHFR. In those cases, rescoring with more extensive sampling of the receptor did prove to be a successful approach, but also a time-consuming one. Due to time constraints related to the McMaster competition, we did not apply minimization/side chain optimization to the receptor during the rescoring procedure.
The minimizations employed a truncated Newton algorithm, modified from TNPACK, 36 which uses multiscale methods and Virtual Ligand Screening against Escherichia coli DHFR other enhancements to accelerate convergence. The algorithm will be described in detail elsewhere. Briefly, in analogy to multiscale methods used in molecular dynamics (e.g., r-RESPA), the molecular mechanics forces are divided into short-and long-range components, with the long-range forces updated only intermittently during the minimization (never during the inner loop of TNPACK and every 5 steps in the outer loop). Short-range forces are defined to be those between pairs of charged residues separated by up to 15 Å and all other pairs of residues separated by up to 10 Å. Minimization in generalized Born implicit solvent requires only 2 to 3 times the computational expense of minimization in vacuum; we employ a self-consistent strategy, in which the Born αs are held fixed during the course of the minimization, then updated prior to another minimization, and so on until convergence is achieved. The overall computational expense is only~15 s to minimize a ligand in complex with a protein in implicit solvent. Such computational efficiency allowed us to rescore thousands of ligands in a matter of a few hours on a small Linux cluster, which is on the order of the time required for the docking.
We used this predicted relative binding energy to rank order the ligands in both databases. Note that both ligand and receptor desolvation are accounted for in this procedure, and the minimization of the ligand outside the receptor provides a crude estimate of the internal strain energy. One major limitation of the method, in its current implementation, is that loss of ligand and receptor configurational entropy is not even approximately accounted for.
RESULTS AND DISCUSSION
We were able to obtain excellent enrichment of the positive controls (12 competitive inhibitors from the training set plus methotrexate) by using 2 computational technologies developed in our group: a receptor preparation procedure that incorporates rotamer optimization of side chains and a physics-based rescoring procedure for estimating relative binding affinities of the proteinligand complexes. Both methods use the same scoring function, consisting of the OPLS-AA force field and a Generalized Born solvent model, which treats the protein receptor and small-molecule ligands in a consistent manner.
The unconventional, aggressive receptor preparation procedure we used was motivated by difficulties in obtaining correct poses of certain known inhibitors when docking to the holo 1RX3 structure of ecDHFR. Figure 1A compares the predicted ligand pose with the cocrystallized protein-ligand complex (1IA2) of a quinazolinediamine-type inhibitor. We suspected that the incorrect pose is related to conformational changes in the receptor upon inhibitor binding. The superposition of the active sites of the ecDHFR structure (1RX3) and the caDHFR structure (1IA2) shows that a mostly hydrophobic binding pocket near NADPH is too small in the ecDHFR structure to accommodate the phenyl group of TQ4. Specifically, residues Met20 and Ser49 in the ecDHFR structure displayed distinctly different conformations from corresponding residues Met25 and Ser61 in the caDHFR structure (Fig. 1A) .
As described in the Methods section, this hypothesis led us to modify the 1RX3 structure by optimizing the rotamer states of specific side chains and energy minimizing the receptor to better accommodate the correct pose of this class of ligand. This receptor preparation dramatically altered the conformation of parts of the receptor, in ways that mirrored the conformation observed in the cocrystal structure of a quinazolinediamine-type inhibitor in complex with caDHFR. Specifically, the conformations of the Met20 and Ser49 residues snapped into the configuration of residues in the caDHFR 1IA2 structure (Fig. 1B) . In the refined 1RX3, the loop and the adjacent helix that contains the Ser49 residue moved 1.6 Å out from the active site, opening the binding pocket. The loops of the refined 1RX3 and the 1IA2 structure do not overlay perfectly due to insertion in the caDHFR sequence. The Ser49 does not completely rotate out of the way because of a favorable hydrogen bond with Asn18; in 1IA2, Asn18 is replaced with Gly23, so this interaction does not exist, and the hydroxyl group flips away from the binding pocket.
This receptor preparation procedure allowed us to dock all of the positive controls in reasonable binding modes. As shown in Figure 1B , in the modified 1RX3 structure, the 2,4quinazolinediamine fragment of the inhibitor is docked perfectly, although the 4-methylphenyl group is rotated by 90 degrees. This minor error in the predicted binding mode appears to result from limitations in the sampling and/or scoring performed in the docking program. Redocking the inhibitor in the 1IA2 crystal structure results in the same error. However, the minimization performed during the rescoring procedure causes the 4-methylphenyl group to snap into the correct orientation (i.e., as observed in the 1IA2 crystal structure). All other positive controls had very similar, reasonable binding modes before and after modifying the receptor.
We have performed an enrichment study with the 12 inhibitors from the training set plus MTX as positive controls, combined with both the training and test sets. Figure 2 shows the percentage of known inhibitors identified in these tests as a function of the percentage of the screened database. The enrichment of the known inhibitors after docking improved significantly after the 1RX3 receptor structure was modified as described above. Using the unmodified 1RX3 structure, only 2 known inhibitors ranked among the top 10% of the ligands from the training set. In addition, only 80% of the training set ligands docked at all in the unmodified receptor. After modifying the receptor, 100% of the training set ligands docked with at least 1 accepted pose, and all inhibitors scored in the top 10%, with 5 of them in the top 0.15%. The rescoring algorithm further improved enrichment of the positive controls. Ten out of 13 inhibitors ranked in the top 0.1% of the training set, and all inhibitors ranked in the top 5.2%.
Similar improvements in the enrichment of the positive controls due to receptor preparation and rescoring are observed when using the test set. The positive controls rank slightly less highly when compared against the test set ligands, as can be seen in the insets in Figure 2 , in which the enrichment curves are plotted with a logarithmic x-axis.
As discussed in more detail elsewhere, 34 the rescoring procedure is highly sensitive to the protonation/tautomerization states assigned to both the receptor and ligands. In this work, we found that failing to protonate pteridine rings caused the rescoring algorithm to significantly worsen the enrichment of known inhibitors containing those groups. In addition, the quinolinone inhibitor (compound 11 in the HTS study) 17 only enriched significantly when it was generated in the correct "enolic" form.
Our method is only intended to identify competitive inhibitors. The lack of competitive inhibitors in the test set library means that our participation in the contest did not provide a blind test of our method per se. We did not anticipate this outcome, but we can retrospectively ask whether we could have predicted that the test set would contain fewer competitive inhibitors than the training set. One possible hypothesis is that the overall distribution of scores might reflect the suitability of a compound library for screening against a particular target. Figure 3 and Table 1 examine the distributions of scores obtained for the training and test set ligands, using both the Glide GScore scoring function and the molecular mechanics energy from the rescoring procedure. In general, the scores are reasonably close to a normal distribution, as reflected by the similar average and median values in Table 1 , as well as the skewness and kurtosis. Using the Glide scoring function, the distribution of scores for the training set is shifted toward more favorable values for the test set, whereas the opposite is true for the molecular mechanics energies from the rescoring procedure. Although this result is clearly anecdotal, it is consistent with the molecular mechanics energies providing better enrichment and suggests that it may be possible to judge the suitability of compound libraries for a receptor based on the distribution of scores. More work is clearly needed to test this hypothesis.
CONCLUSIONS
The results we have presented here, which were motivated by our participation in the competition sponsored by the McMaster HTS group, suggest that molecular mechanics-based methods can be used to help improve the robustness of docking methods. Since the competition, we have tested the rescoring method on a diverse set of proteins with many known inhibitors and have shown robust improvement of early enrichment. We attribute the success of this method to the treatment of electrostatics and solvation in our energy function, which consists of the OPLS-AA force field and a Generalized Born implicit solvent model. The method accounts for desolvation of both the protein and ligand upon binding, which would be very difficult to account for in grid-based scoring functions used in high-throughput docking. Further improvements in this method (including better treatment of entropic losses, polarizability, and receptor flexibility) are being pursued. The receptor preparation method, which we tested for the first time on ecDHFR, likely also has broader applicability. The aggressive "remodeling" of the receptor prior to docking goes against the conventional wisdom in docking, which is to modify crystal structures as little as possible during receptor preparation. The optimization in this case was motivated by an induced-fit mechanism for binding a certain class of ligands, as inferred from other existing crystal structures. Such a simple approach is not likely to work for receptors such as kinases, in which a more complicated range of conformational changes can be observed for different ligands. In such cases, it may be necessary to dock into multiple copies of the receptor prepared in different conformations and/or to explicitly allow receptor conformational change during rescoring (which is trivial to implement with our software). We are also testing applications of similar receptor preparation procedures to improve the robustness of docking against homology models (manuscript in preparation).
